Abstract Genomic deletions have long been known to play a causative role in microdeletion syndromes. Recent whole-genome genetic studies have shown that deletions can increase the risk for several psychiatric disorders, suggesting that genomic deletions play an important role in the genetic basis of complex traits. However, the association between genomic deletions and common, complex diseases has not yet been systematically investigated in gene mapping studies. Likelihood-based statistical methods for identifying disease-associated deletions have recently been developed for familial studies of parent-offspring trios. The purpose of this study is to develop statistical approaches for detecting genomic deletions associated with complex disease in case-control studies. Our methods are designed to be used with dense single nucleotide polymorphism (SNP) genotypes to detect deletions in largescale or whole-genome genetic studies. As more and more SNP genotype data for genome-wide association studies become available, development of sophisticated statistical approaches will be needed that use these data. Our proposed statistical methods are designed to be used in SNP-by-SNP analyses and in cluster analyses based on combined evidence from multiple SNPs. We found that these methods are useful for detecting disease-associated deletions and are robust in the presence of linkage disequilibrium using simulated SNP data sets. Furthermore, we applied the proposed statistical methods to SNP genotype data of chromosome 6p for 868 rheumatoid arthritis patients and 1,197 controls from the North American Rheumatoid Arthritis Consortium. We detected diseaseassociated deletions within the region of human leukocyte antigen in which genomic deletions were previously discovered in rheumatoid arthritis patients.
Introduction
Genomic deletions have long been known to cause a variety of genetic disorders such as DiGeorge syndrome, PraderWilli syndrome, Williams syndrome, and Wilms tumor (Lindsay 2001) . Microdeletion syndromes are generally caused by relatively large deletions and involve multiple genes. Recent studies have increasingly shown that deletions are common in patients with psychiatric disorders such as autism and schizophrenia, suggesting that genomic deletions also play an important role in the genetic basis of complex traits in the human genome. Deletions of chromosome 22q11 have been frequently observed in patients with schizophrenia or schizoaffective disorder (Liu et al. 2002; Shifman et al. 2006) . Recently, three large recurrent deletions associated with schizophrenia have been discovered on chromosomes 1 and 15 ranging from 0.47 to 1.57 Mb in size . Autism patients have been found to have interstitial deletions of varying sizes ranging from 5.9 to 593 kb on chromosomes 7, 8, and 16 (Yu et al. 2002; Weiss et al. 2008) .
A series of three concurrent studies investigated common deletion polymorphisms in healthy individuals from single nucleotide polymorphism (SNP) genotype data in the whole human genome; these studies provided a source of baseline information for studies of human disease and genome evolution (Conrad et al. 2006; Hinds et al. 2006; McCarroll et al. 2006) . The current molecular technologies, including SNP genotyping methods, are not normally capable of identifying genomic deletions. Instead, SNPs in the regions of hemizygous deletions are generally miscalled and observed as homozygous for the allele that is present (Conrad et al. 2006; McCarroll et al. 2006) . These genotyping ''miscalls'' result from footprints left by segregating deletions in SNP genotyping data; existing methods for detecting genomic deletions are often based on the observation of deviations from Mendelian transmission patterns in parent-offspring trios, the Hardy-Weinberg equilibrium, and null genotypes for a run of consecutive SNPs . Algorithms for detecting genomic deletions were developed using these ''failed'' SNP genotype patterns (Conrad et al. 2006; McCarroll et al. 2006) . These concurrent studies showed that nondiseased individuals carry many various-sized genomic deletions with high population frequencies. Recently, Amos et al. (2003) and Kohler and Cutler (2007) proposed likelihood-based statistical methods for detecting diseaseassociated deletions from familial SNP genotype data. Their methods harnessed the information on SNP transmission patterns between true genotypes and observed (miscalled) genotypes within parent-offspring trios to detect deletions.
While SNPs have long been known to be a predominant form of genomic variation and can make important contributions to phenotypic variations, copy number variation (CNV), which is one type of structural variants, has attracted attention over the last few years. CNVs have been found to be associated with rare disorders such as Alzheimer disease and autism (Rovelet-Lecrux et al. 2006; Sebat et al. 2007) but their contribution to the risk for common, complex disorders remains largely unclear. Recent whole-genome CNV studies using either SNP genotyping arrays or clone-based comparative genomic hybridization (CGH) reported thousands of candidate CNV segments, suggesting that CNVs are ubiquitous and can be an important form of genomic variation in the human genome Wong et al. 2007) . SNP-and clone-based CNV detection methods have different sensitivities in various genomic regions and variations . Current CNV detection methods have technical challenges that result in relatively limited resolutions for whole-genome array scans. For example, SNP-based CNV detection methods typically require consecutive (at least 3) SNPs with aberrant intensity characteristics. A recent study suggests that imputation can be used to increase the sensitivity of CNV detection with extra, un-typed alleles (Franke et al. 2008) . Array CGH assays do not provide absolute copy numbers but rather the change compared with the copy numbers in the reference sample (Freeman et al. 2006) . Thus, using CNV methods to unambiguously determine deletions or duplications in the human genome and further assess the association between CNVs or genomic deletions and complex disease is challenging without comprehensive knowledge of normal and causative variants . The fine-scale approaches such as digital karyotyping or forsmid end sequencing are more robust at identifying genomic deletions and CNVs than are SNP-based detection methods (Wang et al. 2002; Tuzun et al. 2005) ; however, technologies based on DNA-sequencing are expensive and time consuming, making it difficult to perform whole-genome genetic studies.
Current microarray platforms are relatively affordable and are capable of genotyping hundreds of thousands of SNPs in an experiment, making them more feasible for large-scale or whole-genome genetic studies. High-density SNP genotype data on a variety of common, complex diseases have been generated for genome-wide association studies, which usually genotype 300,000 or more SNPs from oligonucleotide arrays. Thus, development of sophisticated statistical approaches is needed that use these SNP genotype data. In contrast with recent whole-genome studies that focused on detecting genomic deletions in healthy individuals or were structured to be used in familial studies of parent-offspring trios, our study was designed to detect genomic deletions associated with common, complex diseases and for case-control studies.
In this study, we developed two statistical approaches to detecting disease-associated deletions from highdensity SNP genotype data in genome-wide association studies. The first method was designed for single SNP analyses and the second was designed to utilize evidence from multiple SNPs combined using clusterbased approaches. We performed simulation studies and found that our proposed methods were useful for detecting disease-associated deletions and were robust in the presence of linkage disequilibrium (LD) using simulated SNP data sets. We applied the proposed methods to SNP genotype data on chromosome 6p in 868 rheumatoid arthritis (RA) patients and 1,197 controls from the North American Rheumatoid Arthritis Consortium. Our proposed methods identified the disease-associated deletions that encompassed HLA_DRB1 and C4 genes in the human leukocyte antigen (HLA) region in which genomic deletions were previously discovered in RA patients.
Statistical methods and data simulations
In this section, we describe two proposed SNP-based statistical methods in case-control studies. These statistical approaches aim to detect genomic deletions that are associated with susceptibility to complex diseases. The first method is structured for SNP-by-SNP analyses, and the second is structured for cluster analyses based on combined evidence between SNPs, which can be used for subsequent investigations into the outcomes of SNP-by-SNP analyses. The SNP genotype data were simulated according to the International HapMap project. Three different-sized deletions were created at various locations and imposed on a portion of cases to account for the genetic heterogeneity and complexity of disease.
Statistical method for SNP-by-SNP analyses
Because current molecular techniques and SNP genotyping methods are not capable of effectively identifying genomic deletions and because the SNPs within the regions of hemizygous deletions are generally miscalled and observed as homozygous for the present allele, Amos et al. (2003) and Kohler and Cutler (2007) proposed likelihood-based methods for detecting disease-associated deletions from familial SNP genotype data. Here, we propose to compare the level of homozygosity on every locus between cases and controls by using normal approximations to test the significance of difference in homozygosity proportions. This test infers the presence of genomic deletions associated with disease by assessing the statistical significance of higher homozygosity proportions in cases than in controls. This method is structured for SNP-by-SNP analyses. Lettingp 1 andp 2 be the respective estimates of homozygosity proportions in cases and controls at a single SNP locus and p be their weighted average, the normal deviate Z is based on the difference in proportion quantities,p 1 Àp 2 ; divided by its standard error,
; where n 1 and n 2 represent the sample sizes of cases and controls, respectively.
Statistical method for cluster analyses
In our cluster-based scheme, the evidence of genomic deletions that are associated with disease can be enhanced by the observation of successive or neighboring SNPs with excess homozygosity in cases compared with in controls. Thus, we develop a statistical test for cluster analyses to further characterize and evaluate the combined evidence between SNPs. This test is useful for subsequent investigations into the outcomes of SNP-by-SNP analyses and is designed to assess the statistical significance of multiple clusters of SNP loci with excess homozygosity in cases compared with in controls. Suppose that T SNP loci over a chromosomal region are tested using the z-score test for SNP-by-SNP analyses in which k SNP loci have significantly higher homozygosity proportions in cases than in controls. Consider the frequency of significant SNP loci occurring within a narrow segment of interest compared with the frequency of significant SNP loci over the whole region. Suppose that the narrow segment of interest encompasses w SNP loci, among which x SNP loci have significant excess homozygosity in cases aggregating in this segment. What interests us is to evaluate whether the observation of x significant SNP loci in the segment that contains w SNP loci is statistically significant compared with the occurrence of k -x significant SNP loci over T -w SNP loci. Assuming that each of the T SNP loci tested is independently and equally likely to have a significant excess homozygosity proportion in cases and assuming that X represents the number of significant SNP loci within the segment that contains w SNP loci, the proposed statistical test for cluster analyses is based on the random variable X with a binomial distribution. The p-value formula for this cluster test under the null hypothesis of random allocations of significant SNP loci is expressed as follows:
where x represents the observed number of significant SNP loci within the segment that contains w SNP loci. A small p-value of expression (1) indicates that the occurrence of x significant SNP loci aggregating in a w SNP interval cannot be explained by chance alone. Detecting regions of excess homozygosity across multiple adjacent or neighboring SNPs forms the basis of this method for cluster analyses. Related statistical methods have been developed for detecting temporal and space-time clusters or anomalies of disease in epidemiology studies (Grimson 1993; Grimson and Mendelsohn 2000; Wu et al. 2008) . Our proposed cluster test based on combined evidence between SNPs is designed to assess the statistical significance of multiple clusters, as shown in expression (1). In contrast, the scan test is structured to detect the largest cluster. The scan test employs a moving window of predetermined length w and finds the maximum number of cases revealed through the window as it slides over the entire region (Wallenstein and Neff 1987) . When only the largest cluster is being assessed or only 1 observed cluster is present, the scan test will be useful.
The z-score test is proposed for SNP-by-SNP analyses along a chromosomal region of interest. On the basis of outcomes of SNP-by-SNP analyses, we developed a statistical test for cluster analyses based on combined evidence between SNPs. These statistical approaches can be used to detect commonly shared deletions among patients Hum Genet (2009) 126:303-315 305 with a genetic disorder, providing strong evidence that the genes in the deleted region predispose patients to disease.
Data simulations
To simulate data that show a realistic LD structure while maintaining similarity across replicate simulations, we used a forward-time simulation approach adapted from a method described by Peng et al. (2007) . We selected markers with a minor allele frequency of C0.05 on chromosome 2q (ranging from 150 to 240 cM) with additional criteria on the maximum distance and LD allowed between adjacent SNP markers. The simulations started with 60 CEU parents of European ancestry sampled in Utah, USA, from the international HapMap project and followed a demographic model that roughly mimicked the evolution of an isolated population that expanded exponentially during the past 10,000 years (Wall and Przeworski 2000) . A recombination model that uses an estimated fine-scale genetic map was applied during the evolution (McVean et al. 2004 ). The simulation was accelerated ten times using a generation scale technique descried by Hoggart et al. (2007) . Simulation parameters, including present population size, mutation rate, and scaling rate, were calibrated using a set of statistics so that the simulated samples resembled the allele frequencies and LD structure of the HapMap sample (Schaffner et al. 2005) .
To evaluate statistical sensitivity in the presence of LD, we used two criteria to select SNP markers with the desired LD levels over the genome. One criterion was the maximum value of LD (MaxLD) allowed between adjacent SNPs, in which the magnitude of LD is defined by the coefficient
where P A and P B are the frequencies of alleles A and B, respectively, and P AB is the frequency of haplotype AB. The other criterion was the maximum distance (MaxGap) allowed between adjacent SNPs. SNP markers were selected sequentially. A marker was chosen if its r 2 value with the last selected marker was less than the value of MaxLD or if its distance from the last selected marker reached the value of MaxGap. Several simulated SNP data sets were generated jointly using different values of Max-LD (c 2 = 0.0, 0.10, and 0.15) and MaxGap (10, 30, and 50 kb) .
Assuming that the population prevalence of the disease of interest is 0.005, the prevalence of the disease-associated deletion is 0.01, and the penetrance of the disease-associated deletion is 0.16, the probability of carrying the disease-associated deletion is 0.32 for affected individuals and 0.0084 for unaffected individuals. Because the size of deletions plays an important role in the statistical sensitivity of the proposed statistical methods, we created disease-associated deletions of varying sizes. First, we created a disease-associated deletion of size uniformly ranging between 280 and 320 kb. The mean size of this created deletion is 300 kb. Similarly, we created a disease-associated deletion of size uniformly ranging between 80 and 120 kb and between 480 and 520 kb. The mean sizes of the deletions are 100 and 500 kb, respectively.
To accurately characterize and evaluate the statistical sensitivity of the proposed statistical methods, we simulated 100 replicates in the various simulation settings and randomly selected 300 cases and 300 controls from each replicate. In this study, we performed the statistical analyses and summarized the outcomes on the basis of 100 replicates for each of the various SNP simulation settings, which vary jointly by different values of mean diseaseassociated deletion size (100, 300, and 500 kb), MaxLD (c 2 = 0.0, 0.10, and 0.15), and MaxGap (10 kb, 30 kb, and 50 kb).
Results
Our proposed statistical approaches in case-control studies were useful for detecting disease-associated deletions and were robust in the presence of LD. First, we applied our proposed methods to the simulated SNP data set with a maximum LD of 0.15 allowed between adjacent SNPs (that is, MaxLD = Max c 2 = 0.15) and the largest gap of 30 kb allowed between adjacent SNPs (that is, MaxGap = 30). In this setting, 6,745 SNPs were selected over the study region. The mean value of the distance between adjacent SNPs was *13.3 kb, and the mean value of the c 2 was 0.064. We created a random disease-associated deletions (mean size of 300 kb ranging between [280, 320] ) centered at the 3,000th SNP. The disease-associated deletion of 300 kb encompassed the region from the 2,989th SNP through the 3,021st SNP, containing a total of 33 SNP loci.
Preliminary analysis at 10
-3 nominal significance level
For SNP-by-SNP analyses, we used normal approximations to test of significance for difference in homozygosity proportions between the group of 300 cases and the group of 300 controls on each of 6,745 contiguous loci. We output the z-scores by locus, as shown in Fig. 1 . We first used a nominal significance level of 1 9 10 -3 , which corresponds to a z-score of 3.08. Figure 1 shows several ''hits'' clustered in the disease-associated deletion region, as indicated by a red arrow. Nineteen of 6,745 SNP loci had z-scores of C3.08, 6 of which appeared in the 300 kb-deletion segment. In this case, the deletion detection rate for association with disease (that is, the probability of detecting disease-associated deletions among significant SNPs) was 0.32 (=6/19) per SNP from this single simulation. On the other hand, 13 significant SNPs lay outside the deletion, which can be classified as false-positive findings. The disease-associated deletion in mean size of 300 kb contained 33 SNP loci, indicating that the false-positive deletion detection rate for association with disease (that is, the probability of inferring disease-associated deletions when they do not exist) was 1.94 9 10 -3 (=13/(6,745 -33)) per SNP in this case.
Twenty-seven of 33 SNP loci in the disease-associated deletion had z-scores of \3.08 and were not statistically significant at the nominal significance level of 1 9 10 -3 . The major reasons might include (1) genetic heterogeneity: less than one-third of cases had disease-associated deletions, (2) excess homozygosity proportions in the diseaseassociated deletion in a substantial number of controls occurring by chance, (3) deletions shorter than the mean value of 300 kb in a substantial portion of cases (because the size of disease-associated deletion ranges from 280 to 320 kb), hampering the detection sensitivity of SNP loci near the deletion boundaries, and (4) sample size in this simulation study is smaller than would typically be employed in a genome-wide association study.
Next, we applied our proposed statistical method for cluster analyses to investigate the outcomes of SNP-by-SNP analyses based on combined evidence between SNPs. As shown in Fig. 1 , 4 observed clusters of successive or neighboring significant SNPs appeared with z-scores of C3.08. We used expression (1) to calculate the p-value of the first cluster, which encompassed a short segment between the 2,284th SNP and 2,288th SNP. The null probability was p 0 = 2.82 9 10 -3 (=19/6,745) because 6,745 SNP loci were tested and 19 of them had z-scores of C3.08. This candidate deletion segment contained w = 5 SNP loci from the 2,284th SNP to 2,288th SNP. The observed number of significant SNP loci within this segment was 3 because the 2,284, 2,286, and 2,288th SNPs had z-scores of 3.15, 3.89, and 3.11, respectively. The p-value of this cluster using expression (1) was Pr (X C 3|w = 5, p 0 = 2.82 9 10 -3 ) = 2.23 9 10 -7 . We subsequently analyzed the other three clusters; the corresponding results are shown in Table 1 . Because the four observed clusters of multiple neighboring significant SNPs shown in Table 1 can occur at many other locations along the whole chromosomal region, we must take these into account when we assess statistical significance using the proposed statistical test for cluster analyses. It is noteworthy that the p-values shown in Table 1 were directly obtained using expression (1) with no correction imposed. We suggest the use of a Bonferroni-type correction to adjust the p-value thresholds.
The proposed method for cluster analyses is based on the comparison of occurrence of x significant SNP loci in a segment that contains w SNP loci with that of k -x significant SNP loci over the remaining T -w SNP loci. The number of ways to select a segment that contains exactly w contiguous SNP loci along T SNP loci is (T -w ? 1). Assuming the use of a nominal significance level of a, we propose to divide a by (T -w ? 1) as an adjusted p-value threshold. This is a Bonferroni-type adjustment as it provides an upper bound on the overall nominal significance level of a. Bonferroni corrections are designed to control family-wise error rates and are widely considered to be overly conservative. Our proposed correction can be relatively conservative as well. At an overall nominal significance level of 0.05, the corresponding adjusted nominal significance levels for the four observed clusters shown in Table 1 are 7.42 9 10 -6 ( = 0.05/(6,745 -5 ? 1)), 7.43 9 10 -6 (=0.05/(6,745 -15 ? 1)), 7.42 9 10 -6 ( = 0.05/ (6,745 -10 ? 1)), and 7.43 9 10 -6 (=0.05/(6,745 -15 ? 1)). In this application, the numbers of w are tiny compared with T = 6,745. We can simply divide a by T as an approximate corrected p-value threshold in this situation. That is, 7.41 9 10 -6 (=0.05/6,745) can serve as a corrected p-value threshold at a nominal significance level of 0.05. When a nominal significance level of 0.01 is chosen, the corrected p-value threshold becomes 1.48 9 10 -6 (=0.01/ 6,745). In summary of Table 1 , the first and second clusters are significant at a nominal significance level of 0.01, but the third and fourth clusters are not significant at a nominal significance level of 0.05. The second cluster lies in the range of disease-associated deletion and can be classified as a true-positive finding. , was used as a threshold value. Several ''hits'' with z-scores of C3.08 were clustered in the range of the disease-associated deletion, which is indicated by a red arrow. The location of disease-associated deletions is centered at the 3,000th SNP Hum Genet (2009) 126:303-315 307 Analyses at various nominal significance levels
In addition to our statistical test for cluster analyses, we also need to account for the effect of multiple comparisons in SNP-by-SNP analyses. The Bonferroni procedure for multiple testing of significance is valuable because it provides an upper bound on the overall nominal significance level regardless of the proportions of the true null hypotheses and the correlations among hypotheses. For SNP-by-SNP analyses, the z-score test was used simultaneously for a large number of contiguous SNP loci. The Bonferroni correction was overly conservative in this application. The reasons for this are many. Most importantly, the neighboring SNPs are not mutually independent, nor are the corresponding hypothesis tests. Thus, we chose a nominal significance level of 1 9 10 -3 , instead of the Bonferroni correction 7.4 9 10 -6 (=0.05/6,745), for the preliminary SNP-by-SNP analyses; this is presented above.
The nominal significance levels that are chosen for the proposed statistical methods may govern the outcomes of the analyses as shown in Fig. 1 and Table 1 . In this application, the choice of appropriate nominal significance levels depends on many factors, including the (1) degree or extent of genetic heterogeneity, (2) values of prevalence and penetrance, (3) size of disease-associated deletions, (4) density and number of SNPs tested, (5) sample sizes of cases and controls, and (6) magnitudes of correlation between adjacent or neighboring SNPs. Because several of these factors are involved in the etiology of the disease of interest, which is usually unknown before the analysis, it is difficult to pre-determine the most appropriate nominal significance level. In response to this problem and to elucidate the corresponding effect, we suggest analyzing the data and comparing the outcomes using various nominal significance levels. Therefore, in addition to the nominal significance level of 1 9 10 -3 for the preliminary analysis, we used the nominal significance levels of 5 9 10 -4 and 1 9 10 -4 , as described below. When we used a nominal significance level of 5 9 10 -4 , which corresponds to a z-score of 3.29, 11 SNP loci were statistically significant in the SNP-by-SNP analyses. Six of them appeared in the disease-associated deletion of 300 kb. In this case, the deletion detection rate for association with disease was 0.55 (=6/11) per SNP compared with 0.32 (=6/19) per SNP at the nominal significance level of 1 9 10 -3 . The 5 SNP loci located outside the disease-associated deletion had z-scores of C3.29, indicating that the false-positive deletion detection rate for association with disease was 7.45 9 10 -4 (=5/(6,745 -33)) per SNP compared with 1.94 9 10 -3 (=13/(6,745 -33)) per SNP at the nominal significance level of 1 9 10 -3 . Only 1 cluster had 6 neighboring significant SNPs from the 2,992nd SNP to 3,006th SNP. This cluster was covered by a short segment that contained a total of 15 SNP loci. Using formula (1) to calculate the p-value of this cluster, we obtained Pr X ! 6jw ¼ 15; p 0 ¼ 11 6;745 ¼ 1:63 Â10 À3 Þ ¼ 9:27 Â 10 À14 . We applied the Bonferroni-type correction to obtain the adjusted p-value by multiplying the above pvalue with 6,745; this gave us an adjusted p-value of 6.25 9 10 -10 . We used a nominal significance level of 1 9 10 -4 , which corresponds to a z-score of 3.72; 5 SNP loci were statistically significant in the SNP-by-SNP analyses (2,286, 2,994, 2,995, 2,997, and 2,999th SNPs with z-scores of 3.89, 4.05, 4.14, 3.79, and 3.97, respectively). Only 1 cluster had 4 neighboring significant SNPs from the 2,994th SNP through the 2,999th SNP; this was covered by a short segment of 6 SNP loci and appeared to be in the disease-associated deletion. In this application, the deletion detection rate was 0.80 (=4/5) per SNP, and the falsepositive deletion detection rate was 1.49 9 10 -4 (=1/ (6,745 -33)) per SNP. We used expression (1) to calculate the p-value and obtained Pr X ! 4jw ¼ 6; p 0 ¼ 5 6;745 ¼ 7:41 Â 10 À4 Þ ¼ 4:52 Â 10 À12 . The adjusted p-value of this cluster was 3.05 9 10 -8 .
Comparison of proposed cluster test and scan test
We also applied the scan test to our data and calculated the corresponding p-values of the largest cluster using different nominal significance levels. The model of the scan test that Nineteen SNP loci were statistically significant at a nominal significance level of 1 9 10 -3
, 13 of which were included in the above four clusters. The disease-associated deletion of 300 kb was centered at the 3,000th SNP and encompassed the segment from the 2989th SNP to the 3021st SNP. The p-values shown in the fifth row represent the figures using expression (1), with no Bonferroni correction we applied here is based on the assumption of a uniform distribution of events; that is, the model assumes that the times of events are distributed independently of each other and are equally likely to occur at any point in the time period (Wallenstein and Neff 1987) . Table 2 shows the detection rates and false-positive detection rates for association with disease for SNP-by-SNP analyses and the outcomes of the cluster analyses using our proposed cluster test and the scan test at three different nominal significance levels. Because the p-value formulae for the scan test have been adjusted accounting for multiple comparison procedures, we presented the adjusted p-values of the proposed cluster test in comparison with those of the scan test in the Table 2 .
For the cluster analyses based on combined evidence between SNPs, both our proposed method and the scan test showed high statistical significance at all three nominal significance levels when used to detect the observed largest cluster of significant SNPs, as shown in Table 2 . These clusters were all located in the range of disease-associated deletion centered at the 3,000th SNP. The adjusted p-values of our proposed cluster test with a Bonferroni-type correction are very similar to but slightly higher than the corresponding values of the scan test across various nominal significance levels.
In contrast with the scan test that is structured to detect the largest cluster only, our proposed statistical test for cluster analyses is designed to assess the statistical significance of multiple clusters. As shown in Table 1 , we found four observed clusters, and our proposed cluster test can be used to test for each of them. The first cluster, which was located outside the range of disease-associated deletion, was significant at the nominal significance level of 0.01. Thus, it can be classified as a false-positive finding. The second cluster lay in the range of disease-associated deletion and was a true-positive finding. The third and fourth clusters were not significant at the nominal significance level of 0.05.
For SNP-by-SNP analyses, the z-score test was most efficient at the nominal significance level of 1 9 10 -4 on the basis of a highest detection rate of 0.80 and a lowest false-positive detection rate of 1.49 9 10 -4 , as shown in Table 2 . In contrast, it was least efficient at the nominal significance level of 1 9 10 -3 , as the detection rate of 0.32 was the lowest and the false-positive detection rate of 1.94 9 10 -3 was the highest.
Assessment of linkage disequilibrium effects
To determine the effects of LD on our proposed methods, we evaluated the statistical sensitivity of the methods from various magnitudes of LD, adjusting for deletion length. We generated several simulation data sets with Max-LD = 0.0, 0.10, and 0.15 and MaxGap = 10, 30, and 50 kb. We created three sets of disease-associated deletions with sizes that followed uniform distributions (mean values of 100, 300, and 500 kb with the size ranges of [80, 120] , [280, 320] , and [480, 520], respectively). These deletions were centered at the 1,000, 3,000, and 5,000th SNPs, respectively. The population prevalence of the disease and the prevalence and penetrance of the disease-associated deletion were set to be the same as those described in the data simulations section. In contrast to the previous analysis that was based on 1 replicate of simulation, we assessed the effects of LD on our proposed methods based on 100 replicates. We performed the analysis for each data set with 300 cases and 300 controls selected per replicate. Table 3 shows the mean number of significant SNP loci that had z-scores of C3.08, the mean number of SNP loci with z-scores of C3.08 and in the range of disease-associated deletion, and the number of SNP loci encompassed by the mean size of disease-associated deletion, adjusting for various values of MaxLD, MaxGap, and deletion size. Using the data shown in Table 3 , we calculated the corresponding deletion detection rates and false-positive rates (shown in Table 4 ).
The proposed z-score test for SNP-by-SNP analyses is robust in the presence of LD. We first assessed the effect of MaxLD, adjusting for MaxGap and deletion size, and found that the performance of SNP-by-SNP analyses when Max-LD = 0.15 was similar to that when MaxLD = 0.10. In fact, the z-score test is generally better or more robust in terms of Table 4 . Similarly, we evaluated the effect of MaxGap, after controlling for deletion size and MaxLD, and found that the proposed method was more effective when MaxGap = 0.30 than when MaxGap = 0.50. Both MaxLD = 0.15 and MaxGap = 30 resulted in a higher SNP density than did MaxLD = 0.10 and MaxGap = 50, suggesting that the proposed method can be increasingly effective at an increased SNP density except when MaxLD = 0.15, MaxGap = 30, and mean deletion size = 300 kb. When the LD was negligible (MaxLD * 0.0), the z-score test provided better deletion detection rates when MaxGap = 10 kb than when MaxGap = 30 kb, as it had denser SNPs. The size of disease-associated deletions is apparently important to the sensitivity of the proposed z-score test. We investigated this statistical property using various-sized deletions located at three different sites. Longer diseaseassociated deletions contained substantially more significant SNPs (that is, SNP loci with z-scores of C3.08 that appeared in the range of the disease-associated deletion) than did shorter ones (shown in Table 3 ), after adjusting for the values of MaxLD and MaxGap. In terms of deletion detection rates, the proposed method was substantially robust at an increased deletion size. It is noteworthy that the false-positive detection rates were relatively stable and low across various settings. Most were below 1.0 9 10 -3 , as shown in Table 4 .
In addition to the above study of 100 replicates of simulation data based on the nominal significance level of 1.0 9 10 -3 for SNP-by-SNP analyses, we investigated the association between the choice of the nominal significance level and the sensitivity of the proposed z-score test. We calculated the corresponding deletion detection rates and false-positive finding rates using the nominal significance levels of 5.0 9 10 -4 and 1.0 9 10 -4 for SNP-by-SNP analyses; our results are shown in Table 5 . We obtained similar conclusions to those shown in Table 2 . The proposed z-score test resulted in higher deletion detection rates and lower false-positive rates at the nominal significance level of 1.0 9 10 -4 than at the nominal significance levels of 1.0 9 10 -3 and 5.0 9 10 -4 , after adjusting for the values of deletion size, MaxLD, and MaxGap. We obtained lowest deletion detection rates and highest false-positive rates at the nominal significance level of 1.0 9 10 -3 . Thus, 1.0 9 10 -4 was the most appropriate nominal significance level for this application. However, as we emphasized Table 4 Deletion detection and false-positive rates for SNP-by-SNP analyses at a nominal significance level of 10 -3 for 300 cases and 300 controls on the basis of 100 replicates earlier, the choice of appropriate nominal significance levels depends on several key factors related to disease etiology, hypothesis tests, and the genetic data; the factors related to the knowledge of disease etiology are generally unknown prior to analyses. Therefore, the appropriate nominal significance level should be chosen for each analysis on the basis of genetic data and the disease being studied. Our investigation illustrated and characterized the effects of this choice on the outcomes of the analyses. It is not possible to perform an ad hoc cluster investigation in the subsequent analysis for each of the 100 replicates across various settings of deletion size, MaxLD, MaxGap, and nominal significance levels, as shown in Tables 1 and 2 . However, Tables 4 and 5 show that our proposed statistical method for analyzing clusters on the basis of the combined evidence between SNPs should be particularly useful at the nominal significance level of 1.0 9 10 -4 , as the deletion detection rates were highest and the false-positive finding rates were lowest. However, cluster analyses would not be useful when the size of disease-associated deletion is small relative to SNP density. In this application, a cluster is formed by 2 or more significant SNPs gathering within a short segment. In the 9th row of Table 3 , the mean number of significant SNP loci that appear in the range of a 100-kb deletion is less than 2, except when MaxLD * 0.0 and MaxGap = 10, indicating that we are not likely to even observe clusters of significant SNPs. In this situation, the SNP density is too sparse for cluster analyses to detect such short disease-associated deletions. Except when MaxLD * 0.0 and MaxGap = 10, the mean distance between adjacent SNPs is about 13-16 kb, indicating that a 100-kb deletion contains only 6-8 SNPs on average. Because the size of disease-associated deletions with a mean value of 100 kb uniformly ranges between 80 and 120 kb, nearly half of cases with deletions have deletions shorter than 100 kb. That is, the number of SNPs within the commonly shared deletion region among patients is actually even smaller than 6-8 SNPs; hampering the detection of SNP loci near the deletion boundaries. This effect is particularly substantial when disease-associated deletions are small (a deletion of 100 kb in this case) relative to SNP density compared with when they are long (a deletion of 300 or 500 kb).
Application to rheumatoid arthritis
Rheumatoid arthritis is a chronic inflammatory disease that leads to the most common form of inflammatory polyarthritis in adults. The precise etiology of the disease remains unknown, but the presence of familial aggregations of RA cases and the increased concordance in monozygotic twins compared with dizygotic twins indicate the presence of genetic components to susceptibility (Seldin et al. 1999 ). Four separate whole-genome scans of microsatellite data from Caucasian RA families have been performed in North America, the United Kingdom, and France (Cornelis et al. 1998; Jawaheer et al. 2001 Jawaheer et al. , 2003 MacKay et al. 2002) . The results showed that genes in the HLA region of chromosome 6, such as DRB1, make the largest genetic contribution to RA susceptibility. To evaluate the potential role of deletions in influencing case-control status, we used SNP data from a whole-genome association analysis of 868 RA cases and 1,197 controls (Plenge et al. 2007 ).
We applied the proposed statistical methods to the SNP data for chromosome 6p. There were 13,964 SNPs over the region of chromosome 6p with positions ranging from 0.11 Mb through 58.82 Mb. The mean distance was 4.21 kb and mean LD was c 2 = 0.12 between adjacent SNPs. For SNP-by-SNP analyses, we performed the z-score test to assess the statistical significance of differences in homozygosity proportions between the 868 cases and the 1,197 controls on each of 13,964 contiguous loci. We used a nominal significance level of 1 9 10 -7 that corresponds to a z-score of 5.20 and output the z-scores by their corresponding physical positions, as shown in Fig. 2 . We chose a relatively stringent threshold for statistical significance at a nominal significance level of 1 9 10 -7 in Table 5 Deletion detection and false-positive rates for SNP-by-SNP analyses at nominal significance levels of 5 9 10 -4 and 10 -4 for 300 cases and 300 controls on the basis of 100 replicates Hum Genet (2009) 126:303-315 311 this study, because we had many more cases and controls and higher SNP density than those data sets we analyzed in simulation studies. Exactly 100 SNP loci with z-scores of C5.20 were statistically significant over the whole study region of chromosome 6p at the nominal significance level of 1 9 10 -7 . We identified 80 significant SNP loci gathering in a small region, ranging from 31.13 to 33.96 Mb. An expanded display of the z-scores between 30.00 and 34.00 Mb is shown in Fig. 3 . We used a maximum distance of B100 kb allowed between two successive significant SNP loci to define a cluster of significant SNPs. Under this criterion, each cluster will begin with a significant SNP and end with another significant SNP; we identified six distinct clusters of multiple neighboring significant SNPs that were all located between 31.13 and 33.84 Mb. Each of the six clusters is described and shown in Table 6 . Most notably, there were 37 significant SNPs over a segment of 157 successive SNPs for the third cluster. Because the two ends of the cluster segment were significant SNPs, 35 significant SNPs were allocated inside the cluster. In this case, w = 157 and x = 37 were used for formula (1). The fourth cluster was also large with w = 183 and x = 28 under the criterion. We used expression (1) to calculate the p-values of these clusters; the results are shown in Table 6 . The p-values of the first, second, fifth, and sixth clusters were , was used as a threshold value for SNP-by-SNP analyses. Exactly 100 SNP loci had z-scores of C5.20 and were statistically significant at the nominal significance level of 1 9 10
higher than the adjusted p-value threshold 3.58 9 10 -6 (=0.05/13,964) at the nominal significance level of 0.05; therefore, they were not statistically significant. The third and fourth clusters appeared to be the largest clusters of significant SNPs, and both were highly significant, as their adjusted p-values were 3.31 9 10 -40 (=2.37 9 10 -44 9 13,965) and 3.44 9 10 -24 (=2.46 9 10 -28 9 13,965), respectively. We applied the scan test to the third cluster, the largest one under the given criterion, and obtained the p-value of 4.09 9 10 -42 . Thirty-seven significant SNP loci lay in the third cluster of 302 kb and 28 lay in the fourth cluster of 260 kb. The third and fourth clusters, separated by *144 kb, were closer to each other than were any other adjacent clusters.
Genomic deletions in the region of HLA_DRB1 (32.36 Mb) are a common characteristic of HLA class II haplotypes, and the major DR4 and DR9 haplotypes associated with RA belong to related haplotype family with multiple DRB loci, including several pseudogenes (Spies et al. 1985; Beck and Trowsdale 1999) . In contrast, the DR1 haplotypes associated with RA are members of a distinct family of haplotypes that have much fewer DRB loci. Thus, we would expect to find differences in copy number of DRB genes between RA cases and controls, which contain haplotype families with more variable numbers of DRB loci. HLA_DRB1 and HLA_DQB1 (32.74 Mb) are located in the third (between 32.23 and 32.54 Mb) and fourth clusters (between 32.68 and 32.94 Mb), respectively. Compared with HLA_DRB1, the evidence of genomic deletions and CNVs at HLA_DQB1 has been less established. The outcomes of our proposed cluster analysis should enable investigators to delineate the minimal extent of disease-associated deletions that are common among RA patients.
In addition to the outcomes of cluster analyses, our proposed SNP-by-SNP analyses detected 80 significant SNP loci between 31.13 and 33.96 Mb at the nominal significance level of 1 9 10 -7 , which overlaps the HLA region of 6p21. The SNP-by-SNP analyses identified strong evidence of disease-associated deletions in the regions of HLA_C (31.35 Mb) and C4 (32.01 Mb). The deletions and CNVs in the C4 region have also been identified previously (Beck and Trowsdale 1999) . Thus, our proposed SNP-by-SNP analyses and cluster analyses were useful for detecting diseaseassociated deletions in regions of HLA_DRB1 and C4. Further investigation into the correlations between these regions, HLA_DR, and HLA_DQ in association with RA is warranted.
Discussion
Whole-genome studies of CNVs-and genomic deletions in particular-have been performed extensively over the past few years. Many of these studies focus on investigating genetic variations in non-diseased individuals and can provide fundamental and profound resource of baseline information for the study of human disease and genomic evolution (Conrad et al. 2006; Hinds et al. 2006; McCarroll et al. 2006; Redon et al. 2006; Wong et al. 2007) . These studies have shown that various-sized genomic deletions and CNVs are widespread and account for considerable genomic variations in the human genome. However, assessing these effects and associating them with susceptibility to common, complex diseases are challenging (Freeman et al. 2006; Redon et al. 2006; Stranger et al. 2007) . Existing statistical or molecular approaches for detecting genomic deletions in whole-genome studies are generally based on the observation of Mendelian transmission failure patterns in parent-child trios, HardyWeinberg disequilibrium, or null genotypes for successive genetic markers ). However, genotyping errors and missing data can also account for deviations from the Hardy-Weinberg equilibrium and Mendelian transmission inheritance. Therefore, testing for Hardy-Weinberg equilibrium and Mendelian transmission inheritance for the purpose of quality control filtering in genetic markers can be confounded with and hindered by discovering deletions using these approaches.
In contrast with recent whole-genome studies that focused on detecting the ''benign'' deletions in healthy individuals, our study was designed to identify genomic deletions associated with common, complex diseases. In contrast with the existing statistical approaches developed by Amos et al. (2003) and Kohler and Cutler (2007) that were structured to detect disease-associated deletions from The p-values shown in the fifth row represent the figures using expression (1) with no Bonferroni correction Hum Genet (2009) 126:303-315 313 familial studies of parent-offspring trios, our proposed statistical methods were designed for case-control studies. We proposed two complementary statistical methods for identifying disease-associated deletions in high-density SNP data from whole-genome association studies: the zscore test for SNP-by-SNP analyses and the statistical test for cluster analyses based on combined evidence between SNPs, which is structured to subsequent investigation into outcomes of SNP-by-SNP analyses. The identification of excess homozygosity regions in multiple cases forms the basis of our proposed methods. The evidence of genomic deletions associated with a disease can be enhanced by the observation of multiple neighboring SNPs with excess homozygosity in cases compared with in controls. Our proposed methods for case-control studies do not confound with filtering of genotyping accuracy, nor are they limited to identify inherited deletions from family data.
In this report, we used the deletion detection rate and false-positive deletion detection rate to assess the performance of our proposed statistical approaches instead of calculating empirical statistical power. These and related measures are commonly used to assess performance in genome-wide association studies (Gail et al. 2008) .
We demonstrate that our proposed methods are useful for detecting disease-associated deletions and are robust in the presence of LD. Under various settings of LD magnitude and disease-associated deletion size on dense simulated SNP genotype data, the z-score test was effective at identifying disease-associated deletions in terms of the deletion detection rate and the false-positive detection rate. More importantly, its performance was increasingly efficient at an increased SNP density, after adjusting for disease-associated deletion size. We found that the proposed cluster test could evaluate multiple observed clusters of successive or neighboring significant SNPs and delineate common deleted regions among patients as long as SNP density was not too sparse relative to deletion sizes. In contrast, the existing scan test is structured to detect and assess only the largest cluster. Because our proposed statistical methods are designed to simultaneously test of significance for a large number of SNPs, we determined and articulated the effects of multiple comparison procedures on outcomes of the analyses, corresponding corrections, and choice of appropriate nominal significance levels jointly.
We applied the proposed statistical methods to 13,964 contiguous SNP loci of chromosome 6p from 868 RA patients and 1,197 controls. We detected several significant SNP loci at a nominal significance level of 1 9 10 -7 . We then performed the cluster test for the outcomes of the SNP-by-SNP analyses and identified two clusters of neighboring significant SNPs. The chromosomal segments that contained disease-associated deletions detected by the SNP-by-SNP analyses and cluster analyses included the regions of HLA_DRB1 and C4 in which deletions were previously discovered. Our proposed statistical methods were useful and effective for identifying disease-association deletions in this analysis. Compared with existing approaches in the literature, our proposed statistical test for cluster analyses not only provides enhanced evidence of disease-associated deletions but can also delineate or define the extent of the minimal region of common deletions among patients, indicating the critical region of the disease.
Many recent genetic studies have found that genomic deletions can play a causative and crucial role in psychiatric disorders; therefore, efficient and powerful wholegenome approaches are needed to detect interstitial deletions associated with common, complex diseases. More and more high-density SNP genotype data are becoming available for genome-wide association studies; thus, statistical methods are needed that use these genotype data to detect disease-associated deletions. To our knowledge, ours are the first statistical approaches to case-control studies that systematically focus on whole-genome detection of genomic deletions associated with disease. In this report, we proposed, illustrated, and elucidated SNP-based statistical methods for detecting and assessing diseaseassociated genomic deletions using dense SNP genotypes of genome-wide association studies without the need for additional SNP genotyping.
Currently, four methods have been used to validate candidate deletions: fluorescent in situ hybridization (FISH), two-color fluorescence intensity measurements, PCR amplification, and quantitative PCR . These methods can be used to distinguish true deletions from homozygous genotypes in association with disease. When molecular technologies such as SNP genotyping methods become better able to identify deletions, we may be capable of distinguishing hemizygous genotypes from homozygous genotypes on a genomewide scale. In this situation, our proposed statistical approaches will be more useful and specific because the hemizygous deletions will not be confounded with homozygous genotypes. Thus, we will be able to more accurately assess their association with disease using SNP genotyping data.
